We use anonymized and aggregated data from Facebook to explore the spatial structure of social networks in the New York metro area. We highlight the importance of transportation infrastructure in shaping urban social networks by showing that travel time and travel costs are substantially stronger predictors of social connectedness between zip codes than geographic distance is.
Social networks influence many aspects of our lives, with social ties providing access to a wide range of new ideas and employment opportunities (see Granovetter, 2005; Jackson, 2014; Bramoulle, Galeotti, and Rogers, 2016) . In the context of urban economics, theories of agglomeration feature the ability to learn from many different people as a key force behind the high productivity of cities (e.g., Jacobs, 1969; Bairoch, 1991; Glaeser, 2011) . For example, Glaeser, Kallal, Scheinkman, and Shleifer (1992) describe that "the cramming of individuals, occupations, and industries into close quarters provides an environment in which ideas flow quickly from person to person." In practice, the strength of these positive agglomeration forces depends on the extent to which individuals living in the same city actually interact with one another, in particular across demographic groups and geographic distances. Indeed, it is likely that cities that facilitate interactions across all inhabitants are best positioned to capitalize on the benefits of agglomeration. However, despite this important role of cities' social structures in creating agglomeration externalities, data challenges in measuring social networks have severely reduced researchers' ability to study this social structure at a large scale.
In this paper, we investigate the spatial structure of social networks within the New York metro area. We measure social networks using aggregated and anonymized data from Facebook, a global online social network. By the end of 2017, Facebook had 239 million monthly active users in the U.S. and Canada, and about 2.1 billion such users globally. We observe an anonymized snapshot of all Facebook users with location history enabled as of March 2018. For these users, we observe their locations at the zip code level as well as their connections to other individuals on Facebook.
We use these data to explore the local, domestic, and international networks of Facebook users in both New York City (NYC) and the wider New York Combined Statistical Area (New York CSA).
The density, diversity, and large population of New York, combined with its varied geography and extensive public transportation infrastructure, present an ideal setting for investigating the factors that influence social network structure in urban settings. Indeed, we believe that our study brings the most comprehensive data to date to measure and explore the social structure of cities. 1 Our empirical approach complements an exciting recent literature that has used cell phone call records to better understand the geography of social connectedness (e.g., Schläpfer et al., 2014; Herrera-Yague et al., 2015; Büchel and von Ehrlich, 2016) . Relative to that literature, the Facebook data capture many more links per individual, allowing us to measure the prevalence and distribution of potentially weak ties that have been shown to be important in the dissemination of information and ideas (Granovetter, 1977) . 2 While we are unable to make any conclusive causal inferences on the determinants and effects of the observed social structures, we hope that the novel patterns presented in this paper can help advance our understanding of social connectedness in urban areas. 1 The zip code-level social connectedness data that we compile and use in this project is accessible to researchers and policy makers by emailing a 1-page proposal to sci_data@fb.com. See Bailey et al. (2018b) for detailed information on county-level social network data that is also accessible to researchers. 2 In addition, interactions via phone are often substitutes to in-person interactions. One might therefore worry that researchers' ability to observe a social link in phone records is systematically related to the frequency of the two individuals interacting in person. The latter should correlate both with geographic distance and the ease of travel via public transport.
In the first part of the paper, we explore the role of public transit infrastructure as a potential determinant of social networks in urban areas. We first discuss a number of case studies that show that the social networks of urban zip codes are distributed along transit routes that connect these zip codes to other parts of the city. To explore the relationship between social connectedness and transportation infrastructure more formally, we calculate the travel times on public transit between each pair of NYC zip codes. We find that social connectedness declines strongly in the travel time between locations. Within NYC, the elasticity of social connectedness to travel time is -1.42, which is about 60% larger in magnitude than the elasticity of social connectedness to distance, which is -0.87. This finding suggests that public transit can help facilitate the maintenance and formation of social links across individuals living in geographically distant parts of the same city. As a result, extensive public transportation infrastructure can increase agglomeration benefits as well as reduce the extent to which residential segregation leads to social segregation. This result is consistent with recent findings that suggest that transportation infrastructure allows individuals to visit restaurants that are farther away, thereby lowering the segregation of consumption patterns (Davis et al., 2017) In addition to the role played by geographic distance and public transit travel time in forming and maintaining social ties between geographies, we find that zip codes that are more similar along demographic measures such as race, education, and income are more likely to be socially connected. This is consistent with previous studies that have documented that social ties are generally more common between similar individuals and regions, a feature that is often referred to as "homophily" (Lazarsfeld and Merton, 1954; Zipf, 1949; Verbrugge, 1983; Marmaros and Sacerdote, 2006; Bailey et al., 2018a,b) . We show that short public transit travel times are more important for connecting zip codes with different incomes than they are for connecting zip codes with similar incomes. This finding highlights that public transit investments do not just facilitate social connections between far-away zip codes in general, but do so particularly across zip codes with different demographics.
We next provide a descriptive analysis of the geographic concentration of social networks. We find substantial heterogeneity in this social network concentration across NYC zip codes. For residents of the median zip code, 29.0% of U.S.-based friends live within 5 miles, but this number ranges from 19.5% to 39.6% between the 5th and the 95th percentiles of the zip code distribution. Similarly, for the median NYC zip code, 22.0% of U.S.-based friends live among the nearest 1 million people, while the 5-95 percentile range is 13.1% to 32.7%. Consistent with the results described above, this geographic concentration of social networks is highly correlated with access to public transportation infrastructure (measured, for example, by the share of a zip code's population that lives within a quarter mile of a rail transit station). These results hold even after conditioning on zip code demographic and income measures. The ease of transit also explains more of the across-zip code variation in the concentration of social networks than zip code demographics do. Quantiatively, a 15 minute increase in the average travel time to all zip codes is associated with a 3.7 percentage point increase in the share of friends living within the nearest 500k people. The geographic concentration of social net-works also correlates with socioeconomic outcomes such as income and education levels: the share of friends living within various distances is decreasing in zip code income and increasing in the fraction of population without a high school degree. Although our data do not allow us to make statements about the causal connection between social connectedness and socioeconomic outcomes, our findings are consistent with the urban economics literature that points to social interactions as a primary channel for agglomeration externalities that can improve the economic outcomes for residents.
After exploring the determinants of social connectedness between zip code pairs, we run a hierarchical agglomerative linkage clustering algorithm to construct hypothetical communities of zip codes that maximize within-group social connectedness. We find that although all the communities are contiguous at the CSA level, some communities are non-contiguous when focusing on zip codes within NYC. This finding reinforces the earlier observation that geographic distance might not be as relevant a measure to understand social ties within dense urban areas.
In the final part of the paper, we study the social connectedness of New York zip codes to foreign countries. We find strong heterogeneities in the degree to which different zip codes are connected to different countries. We show that past migration movements are a strong determinant of connections abroad, which is suggestive of immigrants' desire to live in areas near the existing ethnic enclaves or areas with transportation accessible to these communities. Therefore, the clustering of ethnicities in a region plays a key role in explaining the presence of international friendship links.
In terms of measurement, our paper contributes to a recent literature that has used data from online services such as Yelp and Twitter to better understand various elements of social and economic activity within cities (e.g., Davis et al., 2017; Glaeser, Kim, and Luca, 2017) . We also build on a literature that has studied the unique properties of urban social networks (see Glaeser and Kahn, 2004; Glaeser, 2011; Kowald et al., 2013; Ioannides, 2013; Herrera-Yague et al., 2015; Ioannides, 2015; Picard and Zenou, 2018) . Our novel data allow us to document that public transit infrastructure likely is a crucial determinant of the formation and maintenance of social ties in urban areas, in particular across locations with different demographic makeups. This suggests a mechanism through which transit infrastructure affects social network formation, which in turn can influence economic outcomes. In this sense, our work contributes to an important literature that has shown that transit investments generate immediate economic effects and cause long-term changes to the structure of cities. For instance, Perlman (2016) finds that transportation improvements had significant impact on increases in patenting, especially for counties that were not previously well-connected, and Glaeser (2005) finds that New York has become America's largest city due to its initial dominance as a hub of the transportation system (see also Glaeser and Shapiro, 2001; Glaeser and Gottlieb, 2009; Baum-Snow, 2013; Ioannides, 2013; Brooks and Lutz, 2014; Glaeser and Steinberg, 2016) . We hope that the increasing availability of social network data from online social networking services such as Facebook will further boost research efforts that explore the determinants and effects of the social structures of cities.
Data
We construct our measures of the social connectedness across locations using anonymized administrative data from Facebook, a global online social networking service. Facebook was created in 2004, and, by the end of 2017, had 2.1 billion monthly active users globally and 239 million such users in the U.S. and Canada. An independent survey of Facebook users from 2015 found that more than 68% of the U.S. adult population and 79% of online adults in the U.S. used Facebook (Duggan, Greenwood, and Perrin, 2016) . That same survey shows that Facebook usage rates among U.S.-based online adults were relatively constant across income groups, education levels, and race, and among urban, rural, and suburban residents; usage rates were slightly declining in age (from 88% of individuals aged 18 to 29, to 62% of individuals aged 65 and older). Establishing a connection on Facebook requires the consent of both individuals, and there is an upper limit of 5,000 on the number of connections a person can have. As a result, Facebook connections are primarily between real-world acquaintances.
Indeed, a second independent survey of Facebook users revealed that only 39% of users reported being Facebook friends with someone they had never met in person (Duggan et al., 2015) . In contrast, Facebook users generally reported that they were Facebook friends with real-life friends: 91% said they were Facebook friends with current friends and 87% said they were connected to past friends, such as former classmates. Furthermore, most users reported that they were Facebook friends with their family members: 93% of Facebook users said they were Facebook friends with family members other than parents or children, 45% said they were Facebook friends with their parents, and 43% said they were Facebook friends with their children. Finally, Facebook networks often capture other important social ties: 58% of users said that they were Facebook friends with co-workers and 36% of users reported that they were Facebook friends with their neighbors (Duggan et al., 2015) . As a result, networks formed on Facebook more closely resemble real-world social networks than those on other online platforms, such as Twitter, where uni-directional links to non-acquaintances, such as celebrities, are common (see Bailey et al., 2017 Bailey et al., , 2018a Bailey et al., ,b, 2019 , for additional evidence that friendships observed on Facebook serve as a good proxy for real-world U.S. social connections).
We observe an anonymized snapshot of all active Facebook users from March 2018. We focus on those users who had location history enabled, and who had interacted with Facebook over the 30 days prior to the date of the snapshot. We match those users who reside within the New York Com- We only include zip codes in our analysis that have a total population of at least 500 people and that are above the 5th percentile in the number of eligible Facebook users within the New York CSA. These restrictions are intended to preserve user anonymity as well as to reduce the improper matching of users to officially unpopulated or unusual zip codes, such as individual non-residential buildings (e.g., post offices) or abnormal locations (e.g., JFK airport). Our final data set includes 182 zip codes in NYC and 1,181 zip codes across the entire New York CSA.
We combine these data on social networks with information on the population and demographics of zip codes from the 2015 Census Bureau 5-year American Community Survey (ACS) and the 2014
Internal Revenue Service (IRS) Individual Income Tax Statistics. In particular, information on total population, racial composition, and educational attainment comes from the ACS, and information on average income is calculated from IRS data.
Determinants of Urban Social Connectedness
Measuring Social Connectedness. To compare the intensity of social connectedness between zip codes with varying populations, we construct our measure of SocialConnectedness i,j as the total number of connections between individuals living in zip code i and individuals living in zip code j, which we refer to as FB_Connections i,j , divided by the product of the number of eligible Facebook users in those zip codes, as in equation 1 (see Bailey et al., 2018b , for the first use of the Social Connectedness Index). This measure represents the relative probability of a Facebook friendship link between a given user in zip code i and a given user in zip code j: < 7 5 t h P e r c e n t i l e 7 5 t h -9 0 t h P e r c e n t i l e 9 0 t h -9 5 t h P e r c e n t i l e ≥ 9 5 t h P e r c e n t i l e
Up p e r E a s t S i d e S e l e c t e d T r a n s i t Ro u t e s (B) East Harlem (Zip Code 10035)
< 7 5 t h P e r c e n t i l e 7 5 t h -9 0 t h P e r c e n t i l e 9 0 t h -9 5 t h P e r c e n t i l e ≥ 9 5 t h P e r c e n t i l e E a s t Ha r l e m S e l e c t e d T r a n s i t Ro u t e s (C) Little Neck (Zip Code 11363)
< 7 5 t h P e r c e n t i l e 7 5 t h -9 0 t h P e r c e n t i l e 9 0 t h -9 5 t h P e r c e n t i l e ≥ 9 5 t h P e r c e n t i l e
L i t t l e Ne c k S e l e c t e d T r a n s i t Ro u t e s (D) Oakland Gardens (Zip Code 11364)
< 7 5 t h P e r c e n t i l e 7 5 t h -9 0 t h P e r c e n t i l e 9 0 t h -9 5 t h P e r c e n t i l e ≥ 9 5 t h P e r c e n t i l e Oa k l a n d Ga r d e n s S e l e c t e d T r a n s i t Ro u t e s (E) New Haven, CT (Zip Code 06511)
< 7 5 t h P e r c e n t i l e 7 5 t h -9 0 t h P e r c e n t i l e 9 0 t h -9 5 t h P e r c e n t i l e ≥ 9 5 t h P e r c e n t i l e Ne w Ha v e n , CT (F) Upper East Side, NY (Zip Code 10065)
Mi d t o wn E a s t , NY
Note: Figure 
Geographic Distance, Social Distance, and Social Connectedness
The previous section presented a number of case studies that suggest a relationship between social connectedness, geographic distance, transit availability, and demographic similarity. We next estimate the elasticity of social connectedness with respect to these objects more formally.
To systematically measure the ease of travel between two zip codes, we use the Google Maps API to collect travel times on public transit between the geographic centers of all zip codes on a weekday morning, 3 and measure cab cost in dollars using data from the New York Taxi Table shows across-zip-code-pair summary statistics for transit time and cab trip cost between zip codes in a zip code-pair at various distances. All travel times and cab costs for zip code-pairs that are between ±.1 miles of the indicated distance are included in each column. Not all zip code pairs were traveled via cab during our sample period, allowing us to only calculated cab trip costs for a subset of zip code pairs. We also show scatter plots at the zip code-pair level of transit time (Panel A) and cab trip cost (Panel B) on the vertical axes. The horizontal axes for both panels show the geographic distance between the centers of each zip code pair.
To obtain a more systematic understanding of the effect of transportation links on social networks, we next use equation 2 to explore the pairwise friendship links between zip codes:
The dependent variable is the log of social connectedness (defined in equation 1), and log(d ij ) denotes the log of the "distance" between i and j. Here, "distance" will be variously defined as the geographic distance between the central points of zip codes i and j, the public transit time between the central points of zip codes i and j, and the average cost of cab trips between zip codes i and j.
Control variables X ij include measures of the dissimilarity of the two zip codes along demographic and socioeconomic factors. These factors are income (the difference in average income across the zip code-pair), education (the difference in the shares of residents without a high school degree across the zip code-pair), and race (the difference in the non-Hispanic white shares of the populations across the zip code-pair). All specifications include fixed effects ψ i and ξ j for zip codes i and j, respectively. Table 1 shows the results of the regression 2 with log(d ij ) representing geographic distance in columns 1 and 2, public transit time in columns 3 and 4, and cab cost in columns 5 and 6. Columns 1, 3, and 5 are the baseline specifications as shown in regression 2. Columns 2, 4, and 6 include interaction terms for pairs of zip codes that are both in the top third of the income distribution and pairs that are both in the bottom third of the income distribution with log(d ij ), to test if the social connectedness of zip codes responds differently to transit times or cab costs based on differences in zip code incomes. When we compare columns 1 and 3, we find that the coefficient for transit time is over 60% greater in magnitude than that for geographic distance. The estimates imply that a 10% greater geographic distance between zip codes is associated with 8.7% lower social connectedness, while a 10% increase in public transit time is associated with 14.2% lower social connectedness. Likewise, column 5 indicates that a 10% increase in cab cost is associated with a 10.6% decline in social connectedness. These results suggest that public transportation infrastructure plays a more important role in the formation of social networks in urban settings than simple geographic distance does.
Table 1 also documents that, beyond the various measures of distance, zip codes that are more similar in terms of their education levels and their racial composition are more likely to be socially connected, providing evidence for homophily within New York City. For example, conditional on the geographic distance and differences in income and education levels, a 10 percentage point increase in the difference in the share of the population that is white is associated with about a 11% to 12% decline in social connectedness. Similarly, a 10 percentage point increase in the difference of the population shares with no high school is associated with a 7%-10% decline in social connectedness.
While differences in income do not imply differences in social connectedness (once we condition for differences in racial composition and educational attainment), we do find that the elasticity of social connectedness to the various measures of distance is larger when zip codes have very different income measures. In particular, columns 2, 4, and 6 show that the effect of increasing distance on Table shows results from regression 2. The unit of observation is a zip code-pair. The dependent variable in all columns is the log of SocialConnectedness i,j as defined in equation 1. All specifications include zip code fixed effects and measures of the similarity of zip codes within the pair along socioeconomic and demographic dimensions. The measure of "distance" in regression 2 is variously defined as geographic distance (columns 1-2), transit time (columns 3-4), and cab cost (columns 5-6). Columns 2, 4, and 6 include interaction terms for rich zip code-pairs and poor zip code-pairs with "distance." Coefficients for the dummy variables are excluded for brevity. Standard errors are double clustered by each zip code i and zip code j in a zip code-pair. Significance levels: * (p<0.10), * * (p<0.05), * * * (p<0.01).
social connectedness is smaller across zip code pairs with similar incomes (i.e., zip code pairs where both zip codes are in the top tertile or those where zip codes are in the bottom tercile of the income distribution). Said differently, reducing travel times appears to have a disproportionate effect on fostering social connectedness across regions with very different incomes.
In order to examine how the distance affects social connectedness at the CSA level, Table 2 shows the result from performing regression 2 for zip codes across the New York CSA. Since many of these zip codes are not well connected via public transport, we use the log of geographic distance as the measure of log(d ij ). Column 1 excludes zip code fixed effects and socioeconomic dissimilarity variables X i,j , and column 2 includes zip code fixed effects but excludes socioeconomic dissimilarity variables X i,j . Column 3 includes an additional variable indicating whether both zip codes are within the same state. Column 4 includes differences in demographic variables, and column 5 adds interac- Table shows results from regression 2 for zip code-pairs in the New York CSA. The unit of observation is a zip code pair. The dependent variable in all columns is the log of SocialConnectedness i,j as defined in equation 1. The measure of "distance" is geographic distance in all specifications. Column 1 does not include zip code fixed effects and controls. Column 2 includes zip code fixed effects. Column 3 incorporates a control variable for zip codes that are in the same state. Column 4 adds measures of the similarity of zip codes along socioeconomic and demographic dimensions. Column 5 additionally includes interaction terms for rich zip codes and poor zip codes. Coefficients for the dummy variables for the various zip pair types are excluded for brevity. Standard errors are double clustered by each zip code i and zip code j in a zip code-pair. Significance levels: * (p<0.10), * * (p<0.05), * * * (p<0.01).
tion terms for rich zip code-pairs and poor zip code-pairs, defined as above. The effect of distance in all specifications is greater for zip codes across the CSA than it is for the subset of zip codes within NYC. This is consistent with prior research demonstrating that urban social networks are less geographically determined than those over larger areas (Herrera-Yague et al., 2015) . The coefficients on distance in these regressions are generally smaller in magnitude than the ones for regressions in earlier research by Bailey et al. (2018a) at the county level for counties within 200 miles of one another (this is the relevant comparison, as there are very few zip code-pairs more than 200 miles apart in the New York CSA). This difference may be due to differences in the properties of social networks measured at this level of aggregation, or due to our sample of zip codes centered on a large urban area where the effect of distance is weaker.
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The Geographic Concentration of Social Networks
In this section, we document heterogeneity in the geographic concentration of social networks across zip codes. We also explore which factors are associated with the geographic dispersion of these networks. In Section 3.1, we explore heterogeneity in two different measures of social network concentration. In Section 3.2, we investigate the relationship between the geographic dispersion of social networks and socioeconomic outcomes such as income and education. In Section 3.3, we analyze the relationship between the concentration of social networks and the ease of access to public transit.
Measurement of Social Network Concentration
We consider two measures of the geographic concentration of social networks: the share of friends that lives within a certain geographic radius (e.g., 1 mile or 5 miles), and the share of friends that lives within a certain number of people (e.g., within the nearest 1 million or 5 million people).
To construct our concentration measures for small distances such as one mile, we have to determine which friends are included within this range, even though we only observe the locations of individuals and their friends at the zip code level. We therefore construct our measures by weighting friendships to individuals in each region j by the population-weighted share of census blocks in region j that are within that distance of the population-weighted center of zip code i. Specifically, we use the following equation to construct our measure of the geographic concentration of zip code i's friendship network:
Here, d i,j b indicates the distance from the population-weighted center of zip code i to the center of each census block j b in region j. We find the population of each region j that is within a given distance D from zip code i by summing the population of all census blocks j b for which d i,j b is less than D, and divide this by the total population of region j. We then weigh the share of friends of zip code i living in region j, given by ShareFriends i,j , by the share of the population of zip code j that lives within D miles of the center of zip code i, before summing over all regions j. We will use the following two objects as our measures of the geographic concentration of social networks. For our first measure, the share of friends living within a certain radius, D represents one, five, ten, or fifty miles. For our second measure, the share of friends living within a certain number of people, we define D as the radius from the center of each zip code i that contains a given number of people, and then construct the statistics as above based on that distance. We find similar heterogeneity in the share of friends living within a certain number of people:
Panel A of Table 3 indicates that for population-weighted average zip code, 21.9% of friendship links are to the one million closest individuals, but this number ranges from 13.1% to 32.7% between the 5th and the 95th percentiles of the zip code distribution. Panel B of Table 3 Figure 3 shows the spatial distribution of social network density in the New York CSA, using as the measure the share of friends among the nearest 10 million people. The distribution is different from that in Panel B, as the urban cores and inner suburbs display less social network density using this measure. The differences are primarily driven by variation in population densities across urban and non-urban areas within the New York CSA. It also suggests that physical distance to core urban areas may not be the only determinant of social connectedness, and echoes with findings from Section 2 that that other factors such as transit infrastructure may also matter.
Socioeconomic Outcomes and the Concentration of Social Networks
We next explore the geographic concentration of social networks is correlated with observable individual characteristics at the zip code level. Figure 4 shows zip code-level binned scatter plots of the share of friends living within 5 miles against income and education measures in NYC (left panel) and the New York CSA (right panel); similar patterns arise when we measure the concentration of social networks at other distances or as the share of friends within a certain number of people. The binned scatter plots illustrate that zip codes with more widely dispersed social networks generally have higher incomes and education levels. While the relationships in Figure 4 are not necessarily causal, the literature has proposed many causal mechanisms for the observed patterns: indeed, access to diverse information through broad social networks is central to many theories of innovation, social mobility, and economic growth (Jackson, 2014; Granovetter, 2005) . 
Ease of Transit and the Concentration of Social Networks
Having established that there is substantial heterogeneity in the geographic concentration of social networks, we next explore whether differences in the public transit infrastructure across zip codes can explain this heterogeneity. We construct two measures of the ease of public transit at the zip code level, which we call "transit inconvenience" and "transit access." Transit access is measured as the share of the zip code's population that lives within a quarter mile of a rail transit station. 5 Transit inconvenience is based on the travel times computed in Section 2, and constructed as the average of 5 A rail transit station is defined as either an MTA subway stop or a Long Island Railroad (LIRR) stop, as these are the two most important rail transit options within NYC. This transit access measure is intended to capture access to physical rapid transit infrastructure. Of course, zip codes may have access to other forms of public transit, and the measure of public transit time that we collect from Google allows for transit via any vehicle (trains as well as buses, ferries, trams, etc.), but rail transit provides the majority of public transit trips within the city (MTA, 2016a,b) .
TravelTime i,j for each zip code i with all zip codes j over the number of zip code observations n j : 6
Panel A of Figure 5 shows a binned scatter plot of the relationship between the inconvenience of transit measured in hours, as defined in equation 4, and the geographic concentration of social networks measured by the share of friends who live within the nearest 500k people for zip codes in NYC. The social networks of those zip codes with more convenient transit are less geographically concentrated compared to those with less convenient transit. Panel B of Figure 5 shows a binned scatter plot relating the transit access of zip codes to the share of friends living within the nearest 500k people.
In this case, zip codes with greater access to public transit have more geographically dispersed social networks. Overall, the findings from these plots are consistent with the notion that the ease of transportation is associated with a wider geographic dispersion of social networks. There are many potentially confounding factors that could influence the relationship between the share of friends within certain distance or number of people and the ease of travel via public transit.
For instance, due to the radial design of New York's subway system, all but one train service run through the relatively wealthy areas of midtown or downtown Manhattan. To separately explore the role of transit infrastructure beyond the demographic measures that it is correlated with, we next estimate regression 5:
The dependent variable is the geographic concentration of social networks, measured as the share of friends that live within the nearest 500k people, though our conclusions are similar when using our other measures of the geographic concentration of social networks. Depending on the specification, Transit i will represent the transit inconvenience measure (equation 4), or the share of a zip codes' population within a quarter mile of a transit stop. X i includes controls for socioeconomic characteristics of each zip code. The estimates from regression 5 are presented in Table 4 . Column 1 shows that differences in demo- Overall, the results in this section can be summarized as follows. First, there is substantial heterogeneity across zip codes in various measures of the geographic concentrations of their social networks. Second, zip codes with more concentrated social networks generally perform worse on socioeconomic indicators such as income and education levels. Third, much of this variation in social network concentration is explained, at least statistically, by variation in the ease of travel via public transit to the rest of NYC. These results are highly consistent with stories in which investments in public transportation infrastructure allow individuals to form and maintain more geographically dispersed networks, which can expose those individuals to a more diverse set of ideas and opportunities, and thereby contribute to agglomeration externalities.
Connected Communities in New York
We next provide an alternative description of the geographic structure of social networks across New
York. To do this, we use a hierarchical agglomerative linkage clustering algorithm to construct hypothetical "communities" of zip codes that maximize within-group social connectedness. This procedure allows us to determine which groups of zip codes groups are maximally connected to one another, and to compare the resulting connected communities to existing administrative boundaries, such as NYC boroughs or states.
The algorithm starts by considering each of the N zip codes in a region (either NYC or the New York CSA) as separate communities of size one. The two "closest" zip codes, based on their relationships with all other zip codes, are then merged into one larger community, thus producing N − 1 total communities. We define the "distance" between two zip codes as the inverse of SocialConnectedness i,j in equation 1. The "distance" between the newly formed community i and each other zip code j is then calculated as the average of the "distances" for both of the constituent zip codes in the community to each zip code j. The two most connected communities are then again merged, producing N − 2 total communities. This process continues until all zip codes are merged into a given number of "connected communities."
Panel A of Figure 6 shows the result of grouping NYC zip codes into five connected communities. A large band of Brooklyn is clustered together with Harlem and the Bronx; interestingly, this connected community thus consists of two non-contiguous elements that are more connected with each other than they are with Manhatten, which lies between them. This finding again suggests that geographic distance might not be as relevant a measure of "distance" within dense urban areas as it is at other levels of aggregation. Manhattan below Harlem and Morningside Heights joins with a handful of neighborhoods across the East River in Brooklyn and Queens; Brooklyn south of Prospect Park to Coney Island is grouped with Staten Island; and the rest of Queens is split into a small northern community adjacent to LaGuardia Airport and a large eastern community.
We also repeat the hierarchical agglomerative clustering for all zip codes in the New York CSA. 
International Dimension of Social Networks
In addition to exploring the domestic social connectedness of the New York metro area, we next look at the international dimension of social networks in New York. Figure 7 shows the percentile rank of the probability that a user in a given zip code within NYC has of being connected on < 7 5 t h P e r c e n t i l e 7 5 t h -9 0 t h P e r c e n t i l e 9 0 t h -9 5 t h P e r c e n t i l e ≥ 9 5 t h P e r c e n t i l e S e l e c t e d T r a n s i t Ro u t e s (B) Senegal < 7 5 t h P e r c e n t i l e 7 5 t h -9 0 t h P e r c e n t i l e 9 0 t h -9 5 t h P e r c e n t i l e ≥ 9 5 t h P e r c e n t i l e S e l e c t e d T r a n s i t Ro u t e s (C) Russia < 7 5 t h P e r c e n t i l e 7 5 t h -9 0 t h P e r c e n t i l e 9 0 t h -9 5 t h P e r c e n t i l e ≥ 9 5 t h P e r c e n t i l e (D) Germany < 7 5 t h P e r c e n t i l e 7 5 t h -9 0 t h P e r c e n t i l e 9 0 t h -9 5 t h P e r c e n t i l e ≥ 9 5 t h P e r c e n t i l e Note: Figure < 7 5 t h P e r c e n t i l e 7 5 t h -9 0 t h P e r c e n t i l e 9 0 t h -9 5 t h P e r c e n t i l e ≥ 9 5 t h P e r c e n t i l e (B) Cuba < 7 5 t h P e r c e n t i l e 7 5 t h -9 0 t h P e r c e n t i l e 9 0 t h -9 5 t h P e r c e n t i l e ≥ 9 5 t h P e r c e n t i l e (C) El Salvador < 7 5 t h P e r c e n t i l e 7 5 t h -9 0 t h P e r c e n t i l e 9 0 t h -9 5 t h P e r c e n t i l e ≥ 9 5 t h P e r c e n t i l e (D) Portugal < 7 5 t h P e r c e n t i l e 7 5 t h -9 0 t h P e r c e n t i l e 9 0 t h -9 5 t h P e r c e n t i l e ≥ 9 5 t h P e r c e n t i l e Note: Figure shows show the percentile rank of the relative probability of connection, as measured by revealing several cities and towns referred to as "little Portugal": Newark, NJ, has the highest concentration of connections to Portugal (Levy and New York Times, 1995) , and in New York there are two longstanding immigrant communities on Long Island, Mineola and Farmingville, that display high degrees of social connectedness to Portugal. Portugal also exhibits high levels of social connectedness to the wealthy northern suburbs, potentially related to vacation travel (Rosenblum and New York Times, 1989; Fishler and New York Times, 2001 ).
Overall, these findings highlight that the degree of social connectedness of different NYC or New York CSA zip codes is to a substantial degree determined by the presence of migrants from these countries in the respective zip codes.
Conclusion
We use anonymized and aggregated data from Facebook to better understand the social connectedness of the New York metro area, both at the city level and at the CSA level. We provide evidence for an important role of public transit infrastructure in forming and maintaining urban social connectedness by showing that social networks are distributed along public transportation routes and that social connectedness between locations declines more in travel time than it does in physical distance.
We then document a substantial heterogeneity in the geographic concentration of social networks, and highlight that locations with better public transit access have less geographically concentrated social networks, even after controlling for demographic characteristics of the neighborhoods (areas with more geographically dispersed social networks are home to richer and better educated populations). We also show that similarity on socioeconomic characteristics and past migration movements are important drivers of the social connectedness of the New York metro area.
